Abstract. Building a probabilistic network for a real-life application is a difficult and time-consuming task. Methodologies for building such a network, however, are still lacking. Also, literature on network-specific modelling issues is quite scarce. As we have developed a large probabilistic network for a complex medical domain, we have encountered and resolved numerous non-trivial modelling issues. Since many of these issues pertain not only to our application but are likely to emerge for other applications as well, we feel that sharing them will contribute to engineering probabilistic networks in general.
Introduction
More and more knowledge-based systems are being developed that build upon the formalism of probabilistic networks for their knowledge representation. Halfway through the 1990s, we started with the construction of such a system in the field of oesophageal cancer. The system's probabilistic network was built and refined with the help of two experts in gastrointestinal oncology. It captures knowledge about the characteristics of an oesophageal tumour, about the pathophysiological processes underlying the tumour's growth, and about the possible effects of the various available therapies. When a patient's symptoms and test results are entered, the network assesses the stage of the patient's cancer and prognosticates the most likely outcomes for the different treatment alternatives.
Building a probabilistic network involves three basic tasks, for which usually domain knowledge is acquired from experts. As a probabilistic network in essence is a graphical model of a joint probability distribution over a set of statistical variables, the first task in its construction is to identify the important variables to be captured along with the values they may adopt. Once these variables have been decided upon, the relations between them have to be analysed and expressed in a graphical structure. The last task is to assess various numerical probabilities. As building a probabilistic network is a creative process, the three tasks are typically iterated in a cyclic fashion.
For building knowledge-based systems in general, sophisticated knowledgeengineering methodologies are available [1] . Such methodologies are still lacking, however, for building probabilistic networks. Also, literature on network-specific modelling issues is quite scarce. The literature that is available, typically acknowledges the assessment of the probabilities required for a network to be the most daunting among the three engineering tasks [2] . Moreover, it is often stated that the construction of the network's graphical part is rather straightforward. In building the oesophagus network, however, we found that this task can also be far from trivial. In fact, we had to address various intricate modelling issues. Some of these were related to engineering knowledge-based systems in general, but many of them pertained specifically to building probabilistic networks and were for example related to eliciting and capturing the independences between the statistical variables. We expect that the modelling issues that we encountered in the construction of the graphical part of our network are likely to emerge in other applications as well, and we feel that sharing them will contribute to the advancement of methodologies for engineering probabilistic networks in general.
The paper is organised as follows. In Section 2, we briefly describe the field of oesophageal cancer and introduce our probabilistic network. In Section 3, we review the general set-up of the knowledge-acquisition sessions with our domain experts. In Section 4, we address some of the modelling issues that we encountered in the construction of the graphical part of the oesophagus network. The paper ends with our concluding observations in Section 5.
The Oesophagus Network
Due to various factors, for example related to drinking and eating habits, a tumour may develop in a patient's oesophagus. This primary tumour has various characteristics, such as its length, its cell type, and its circumference. The tumour typically invades the oesophageal wall and upon further growth may invade neighbouring organs. In time, it may give rise to secondary tumours, or metastases. The extent of these metastases and the depth of invasion, summarised in the cancer's stage, largely influence a patient's life expectancy. These factors are also important in deciding upon an appropriate therapy from among the different treatment alternatives. The effects aimed at by these therapies include improvement of the, often impaired, passage of food through the oesophagus.
The state-of-the-art knowledge about oesophageal cancer and its treatment has been captured in a probabilistic network. Such a network is a graphical model of a joint probability distribution over a set of statistical variables [3] . It includes an acyclic directed graph that models the variables of the distribution by means of nodes. The arcs in the graph with each other capture the probabilistic independences between the variables: two variables are independent if every chain between the two variables contains either an observed variable with at least one emanating arc, or a variable with two incoming arcs such that neither the variable itself nor any of its descendants in the graph have been observed. With the variables are associated conditional probabilities that describe the strengths of the influences between the variables. The oesophagus network currently comprises over 70 statistical variables for which more than 4000 conditional probabilities have been specified [4] .
The Set-up of Knowledge Acquisition
The oesophagus network was built with the help of two experts in gastrointestinal oncology from the Netherlands Cancer Institute, Antoni van Leeuwenhoekhuis. Over a period of more than five years, many knowledge-acquisition sessions were held by a single knowledge engineer, who is the first author of the present paper.
The acquisition was conducted in a cyclic fashion. After each session, the knowledge engineer carefully analysed the elicited knowledge and modelled it, as far as possible, into a segment of the probabilistic network in the making. Upon analysing the elicited knowledge, often various indistinctnesses and gaps were found. The results of the analysis were therefore used as input for the next session that thus started off with a structured interview. The second part of the session consisted of an unstructured interview addressing a new fragment of the experts' domain. This fragment was pre-selected by the knowledge engineer, based upon a tutorial overview given by the two experts in the first session.
During the structured interviews, detailed questions were asked of the domain experts. These questions were sometimes asked directly, such as the precise meaning of a term. More often, however, structured case descriptions were used; we elaborate on the use of such descriptions in Section 4. Also during the structured interviews, the knowledge captured thus far was carefully reviewed. In the early sessions, the graphical structure of the network was used directly as a means for communication between the knowledge engineer and the two domain experts. Unfortunately, however, the experts often appeared to misinterpret the structure. This observation contrasts the literature on probabilistic networks, in which it is commonly suggested that these networks are easy to understand because of their graphical structure [3] . In the later sessions, therefore, the structure of the network was discussed indirectly, once again using case descriptions.
Modelling Issues
As we have argued in our introduction, building a probabilistic network for a real-life application involves various engineering tasks. Among these is the task of constructing the network's graphical part, which in essence amounts to identifying the probabilistic independences between the represented variables and capturing them in an acyclic directed graph. In this section, we focus on this task of building the graphical structure and share some of our experiences.
Causality as a Guiding Principle
Since our domain experts did not have a background in probability theory, eliciting independences from them directly was deemed infeasible. We therefore decided to use a heuristic guiding principle for acquiring knowledge about the relationships between the variables. To this end, we exploited the notion of causality. Typical questions asked during the interviews were "What could cause this effect?" and "What manifestations could this cause have?". The thus elicited causal relations were expressed in graphical terms by taking the direction of causality for directing the arcs between the variables. The notion of causality appeared to match our experts' way of thinking about tumour growth and about the effects of the various treatment alternatives. Since it was used merely as a guiding principle during knowledge acquisition, the resulting graphical structure had to be validated and refined in terms of independence, however. A careful review of the structure proved the heuristic principle to be serviceable.
Correlations
Our domain of application involved not just causal relations between variables but also relations that could not be interpreted as causal. For example, the location of an oesophageal tumour and its cell type are strongly correlated, yet neither can be considered a cause of the other. Such non-causal relations required a more elaborate analysis before they could be expressed in graphical terms.
The correlation between a tumour's location and its cell type originates from various pathophysiological processes. A tumour in the upper part of the oesophagus, termed a proximal tumour, is generally the consequence of toxic damage of the oesophageal wall. The tumour then consists of the squamous cells that are typical of the oesophageal wall. A tumour in the lower part of the oesophagus, called a distal tumour, usually is the result of frequent reflux which causes gastric juices from the stomach to enter into the oesophagus. The squamous cells of the oesophageal wall are then gradually replaced by the cylindrical cells of which the wall of the stomach is composed. We thus have that proximal tumours generally have squamous cells for their type, and distal tumours have cylindrical cells. As the processes influencing location and cell type are not modelled explicitly in the network, the causalities involved are also not represented.
A correlation between two variables is represented in a network's graphical structure by an arc that in essence can be directed in either way. The two directions may give rise to different independences, however, that must be carefully examined before deciding upon the arc's final direction. In our network, the arc between location and cell type could be directed in either way. We decided to point it from location to type. The main consideration underlying our decision was the way the experts talked about their domain. They indicated for example that, for deciding upon a therapy for a patient, the tumour's location is of crucial importance; the cell type is merely a derivative concept.
Indirect Relations
By building upon the notion of causality, knowledge acquisition was focused on the direct relations between the variables. These relations were then combined into a graphical structure from which indirect relations were read. Figure  1 shows an example segment of the oesophagus network modelling such an indirect relation. It expresses that the length of an oesophageal tumour influences The network segment from Figure 1 expresses that the three variables involved are mutually dependent and, moreover, that any two of them remain to be so given an observation for the third one. To validate these dependence statements with our domain experts, we used case descriptions to help them access the relevant knowledge [1, 5] . The following case was posed, for example: "Suppose that you have a patient with a circular tumour and that you have made an assessment of this patient's ability to swallow food. Can knowledge of the tumour's length change your assessment?". If the experts would have answered this question in the negative, then the direct relation from the tumour's length to the patient's ability to swallow food would have been a re-statement of the indirect one, and could have been removed from the structure. The experts' responses to the various case descriptions revealed that many of the acquired direct relations were in fact superfluous. Our domain experts apparently had difficulties distinguishing between direct and indirect relations in their domain.
The Trade-off between Richness and Efficiency
Building a probabilistic network for a real-life application often requires a careful trade-off between the desire for a large and rich model to obtain accurate results from reasoning on the one hand, and the costs of construction and maintenance as well as the complexity of reasoning on the other hand.
Various considerations may underlie a decision not to incorporate a specific variable or relation in a network under construction. One of these considerations pertains to the feasibility of obtaining all probabilities required. In the oesophagus network, for example, the process by which a tumour gives rise to metastases in a patient's lungs and liver, is not represented explicitly. Modelling this process would have required a new statistical variable that captures whether or not cancer cells are being transported through the blood vessels. However, as it is hardly feasible to establish whether or not cancer cells are present in the blood, the experts cannot have experiential knowledge that would allow for reasonably reliable assessment of the probabilities required. Also, obtaining probabilities for a single variable conditioned on numerous different contexts, in general is highly infeasible. As the number of probabilities for a variable is exponential in its number of predecessors in the graphical structure, we restricted the number of incoming arcs for each variable in the oesophagus network, in close consultation with our experts. Another reason for such a restriction in general is the observation that a large number of incoming arcs per variable contributes exponentially to the computational complexity of reasoning.
Conclusions
While for building knowledge-based systems in general sophisticated, detailed knowledge-engineering methodologies are available, no such methodologies exist as yet for addressing the intricate modelling issues to be resolved upon constructing a probabilistic network. As we developed a large probabilistic network for a complex medical domain, we built up some experience with addressing these issues. In this paper, we focused on the construction of the graphical part of our network. In contrast with the suggestion often found in the literature, we noticed that this engineering task can be far from trivial. We handled the various problems that we encountered in various different ways. To support the acquisition of knowledge about the independences between the statistical variables, we exploited the notion of causality. For resolving the detailed modelling issues, we used structured case descriptions. Since we noticed that our experts had difficulties interpreting the graphical structure of our network, we used case descriptions also for reviewing and validating the modelled knowledge. As we expect that many of the issues that we encountered are not restricted to our domain of application but are likely to emerge in other applications as well, we hope that sharing our experiences will contribute to engineering probabilistic networks in general.
